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Six observers were asked to indicate in which of two opposite directions, to the right or to the left, an
entire display appeared to move, based on the proportion of right vs leftward motion elements, each
of which was distinctly visible. The performance of each observer was described by Thurstone’s discrim-
inative processes and Bernoulli trial models which described empirical psychometric functions equally
well. Although formally it was impossible to discriminate between these two models, treating observer
as a counting device which measures a randomly selected subsample of all available motion elements
had certain advantages. According to the Bernoulli trial model decisions about the global motion direc-
tion in a range of 12–800 elements were based on taking into account about 4 ± 2 random moving dot
elements. This small number is not due to cancellation of the opposite motion vectors since the motion
direction recognition performance did not improve after the compared motion directions were made
orthogonal. This may indicate that the motion pooling mechanism studied in our experiment is strongly
limited in capacity.
 2011 Elsevier Ltd. All rights reserved.1. Introduction
It is generally agreed that elementary motion signals are pro-
cessed by a large array of bilocal Reichardt detectors (Adelson &
Bergen, 1985; Reichardt, 1961; Van Santen & Sperling, 1984,
1985; Watson & Ahumada, 1985), devices which perceive the cor-
relation between time-varying luminance modulations at two dis-
parate retinal locations, resulting in several seemingly
counterintuitive phenomena: motion can be seen in stimuli con-
taining no spatially displaced elements (Allik & Pulver, 1994,
1995; Johansson, 1950) and contrast reversal in one of the input
luminance functions results in reversal of the direction of per-
ceived motion (Anstis, 1970). In a sufﬁciently small area, local mo-
tion signals are pooled together into a composite perception which
corresponds to a vector sum of individual components (Allik,
1992a; Allik & Pulver, 1995; Watanabe & Kikuchi, 2006). There is
also evidence that elementary motion signals can be recruited
along the trajectory of a moving object (Krekelberg & Lappe,
1999; Verghese, Watamaniuk, McKee, & Grzywacz, 1999;
Watamaniuk, McKee, & Grzywacz, 1995) but there are obvious lim-
itations to this recruitment since motion in random dot kinemato-
grams is perceived almost identically when some of the elements
travel along extended trajectories as when trajectories are inter-
rupted and transferred to a new set of elements in the next framell rights reserved.
ychology, University of Tartu,(Allik & Dzhafarov, 1984; Scase, Braddick, & Raymond, 1996). In
general, elementary motion detectors appear to operate locally
and are not substantially inﬂuenced by other more distant motion
coding elements (Dzhafarov, Sekuler, & Allik, 1993).
It is much less understood how a global motion direction as-
cribed to an extended area is processed from a large number of ele-
mentary motion signals contained within an area. It is known that
a random dot pattern appears to drift in the direction close to the
vector sum of the dots’ motion directions (Williams & Sekuler,
1984), in the direction of the most dominant direction when other
directional signals become weak (Webb, Ledgeway, & McGraw,
2007; Zohary, Scase, & Braddick, 1996), or in the direction of the
largest information entropy (Gilden, Hiris, & Blake, 1995). Other
studies have looked at the effects of elementary motion signal den-
sity, number, and duration on the tolerance to noise (Eagle &
Rogers, 1997; Fredericksen, Verstraten, & Van de Grind, 1994; Todd
& Norman, 1995) but there is limited knowledge about the efﬁcacy
of local motion information pooling on global direction perception.
Most studies have assumed that all or at least the majority of
local motion signals are used in the processing of global motion
direction. However, from the study of other visual functions, we
know that many perceptual decisions are based on a limited
amount of information, often only a small fraction of all potentially
available information (Barlow & Lal, 1980; Burgess, 1984). This
may mean that not all elementary motion signals are taken into ac-
count in decisions about global motion but, rather, only a limited
subset of them. When an ideal observer analysis (Barlow & Lal,
1980; Burgess, Wagner, Jennings, & Barlow, 1981; Geisler, 1989)
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mated efﬁciencies were in the order of 1–2% (Gold, Tadin, Cook,
& Blake, 2008; Simpson, Falkenberg, & Manahilov, 2003). The same
research methodology applied to the problem of elementary mo-
tion signal pooling revealed that the largest limiting factor in the
detection of global motion is correspondence noise: each spatially
identiﬁable element has many potential corresponding elements
towards which it can displace in subsequent time-frames (Barlow
& Tripathy, 1997). It was proposed that, since the human visual
system evolved to be able to integrate many directions of motion
into a percept of global ﬂow, pooling of elementary motion vectors
is performed with high efﬁciency and an average effectiveness
around 35% (Watamaniuk, 1993). Barlow and Tripathy (1997)
found the highest efﬁciency in coarsely quantiﬁed stimuli: as high
as 44% of the upper theoretical limit. Dakin and his colleagues
(2005) also found similar percentage of the total number of ele-
ments in the display that determines global direction
discrimination.
All previous applications of the ideal observer methodology to
the pooling of elementary motion signals have used rather com-
plex random dot motion displays which require rather elaborate
assumptions for the construction of an ideal decision mechanism.
For example, it is necessary to deﬁne correspondence rules for ele-
ments in successive frames, areas of spatial, and periods of tempo-
ral integration (Barlow & Tripathy, 1997; Dakin, Mareschal, & Bex,
2005; Watamaniuk, 1993). The main purpose of this study is to
simplify motion displays to the degree in which the application
of the ideal observer analysis would be as simple as possible, with
the minimum number of postulated assumptions. In order to
achieve this goal, it was necessary to solve several problems, such
as how to eliminate the correspondence problem. Typical random
dot motion displays contain the whole 360 spectrum of move-
ment directions, which serve as the noise relative to which a coher-
ent motion in one speciﬁed direction must be detected (Barlow &
Tripathy, 1997; Williams & Sekuler, 1984). Although coherence
thresholds show individual variation, it is typically in less than
10% of elements moving in a particular direction among all other
directions that global coherent motion is sufﬁcient enough to be
perceived, among both human observers and trained monkeys
(Britten, Shadlen, Newsome, & Movshon, 1992). One way in which
to overcome the correspondence problem is to eliminate its main
source – the noise or motion signals in all possible directions ex-
cept the two opposite motion directions between which the obser-
ver is asked to discriminate. Another solution is to separate each
elementary motion signal from all other motion elements by an
inhibitory radius R, prohibiting them from being closer to each
other than the critical distance R. It is established that only shortest
motion vectors have signiﬁcant contribution to the global motion
impression (Allik, 1992a; Allik & Dzhafarov, 1984). It is also neces-
sary for each motion element to be presented alone in order to be
clearly visible and for its motion direction to be identiﬁed with
near 100% certainty. This kind of random dot motion display con-
taining only elements moving in one of either of two oppositeFig. 1. Schematic view of the experimental desigdirections with the observer’s task to identify in which of these
two directions the perceived global motion is more dominant clo-
sely resembles Reichardt’s classical experiment with a beetle
whose optomotor reactions were recorded at the junctions of an
endless Y-maze (Reichardt, 1961).
A schematic depiction of the basic experimental idea is shown
in Fig. 1A. Filled dots represent the spatial location of an element
in the ﬁrst frame at time t1 and empty dots the same element in
a slightly displaced position in the second frame after a short inter-
stimulus interval at time t2. Thus, a proportion of elements, NR,
move to the right (ds) and the remainder of elements, NL, move
to the left (sd). It is expected that the observer’s probability of
choosing the answer ‘‘R’’ (‘‘Moving right’’) increases with the in-
crease of the proportion of rightward moving elements compared
to the total number of elements: NR/(NR + NL). The steepness of
the choice probability function indicates the precision with which
the numbers of rightward and leftward motion elements are
summed and these two sums compared with each other. The prob-
ability of choosing the ‘‘R’’ answer is expected to exceed the prob-
ability of choosing the ‘‘L’’ answer as soon the number of rightward
moving elements surpasses the number of leftward moving ele-
ments, NR > NL. Since an ideal observer is able to take into account
all elements presented in a random dot motion (RDM) display, she
is expected to notice even the smallest (one element) difference
between rightward, NR, and leftward, NL, moving elements. It is
also logical to presume that in the case of NR = NL, both directions
would be chosen randomly with equal probability. Unlike an ideal
device, however, a human observer usually needs a much larger
disparity between the number of rightward and leftward moving
elements to make a reliable distinction between the two compet-
ing motion directions. In quantitative terms, the precision of mo-
tion discrimination can be expressed by the slope of the
cumulative psychometric function which increases proportion-
ately to the ratio NR/(NR + NL). Provided that the empirical psycho-
metric function is sufﬁciently close to the cumulative normal
distribution, the precision of direction discrimination can be char-
acterized by the standard deviation (r) of the normal distribution.
According to a standard psychophysical model, the number of
right- and leftward motion elements are represented as two ran-
dom variables (‘‘images’’) on a continuum of internal states
expressing a subjective degree of perceived motion either in the
right- or leftward direction (Thurstone, 1927). If an internal repre-
sentation of the number of rightward moving elements exceeds an
internal representation of the number of leftward moving ele-
ments then the rightward direction is chosen by the observer as
an answer. It is rather obvious that if the number of rightward,
NR, and leftward, NL, moving elements is approximately equal then
the two random internal representations of these two numbers
overlap substantially and the probability of the correct discrimina-
tion of proportions of the moving elements is close to the chance
level. With the increase of the disparity between NR and NL their
internal ‘‘images’’ start to depart from one another leading to a
more conﬁdent discrimination of moving elements. Assuming thatn in Study 1 (A, left) and Study 2 (B, right).
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sented sufﬁciently well by two normal distributions with an equal
standard deviation (the Case V in the Thurstone system) we can
come to a conclusion that the slope of this psychometric function
(r) characterizes the standard deviation of what Thurstone called
the discriminal deviation or dispersion (Thurstone, 1927). For exam-
ple, let us suppose that on a display, 40 elements move to the left
and 60 elements move to the right. Fig. 2 demonstrates hypothet-
ical internal representations (random ‘‘images’’) of these two
groups of elements moving in the opposite directions. Provided
that these two internal ‘‘images’’ are rather smeared and both have
a standard deviation equal to approximately 12.7 elements
(r0 = N  r/p2, given that r = 0.18 as in case of observer KA, see
Fig. 3), the correct motion direction with the larger number of ele-
ments (‘‘R’’) will be chosen in 86.7% of trials. Thus, in 13.3% of cases
the wrong answer (‘‘L’’) will be given in spite of twenty extra ele-Fig. 2. Schematic view of the Thurstonian discriminal deviation processes.
Fig. 3. Psychometric functions from Study 1 for the observments moving in the opposite direction. Almost by deﬁnition, an
ideal observer has the discriminal deviation equal to zero which
guarantees that she can differentiate the proportions correctly in
case of only one extra element in either direction.
However, it is also possible to analyse data in terms of the
amount of information used. Assuming that a real observer is mak-
ing decisions about global motion direction not on the basis of the
full amount of information available on the display but on a smal-
ler sample of moving elements, the situation becomes formally
equivalent to a Bernoulli trial, in which the selection of either a
rightward or leftward moving element is completely random. As
an extreme case, it is even possible that the observer randomly
picks up a single element and on the basis of its direction decides
about the movement of the whole display. Provided that the obser-
ver is randomly selecting out N0 elements from a considerably lar-
ger number of motion elements N, her choice probabilities are
based on the proportion of the rightward N0R and leftward N
0
L mov-
ing elements: if the number of the rightward moving elements N0R
exceeds the number of the leftward moving elements N0L (N
0
R > N
0
L)
then the rightward direction is chosen as an answer; if the number
of elements moving in the opposite directions happens to be equal
(N0R = N
0
L) then the choice between two response categories is ran-
dom with equal probability (assuming there is no response bias).
Obviously, with any increase in the sample size N0, the probability
of making an accurate choice becomes closer to one, independent
of the actual proportion between NR and NL (except for the case
of NR = NL), and ﬁnally, when the sample contains all elements
(N0 = N) the correct choice will be made whenever NR– NL.
Thus, from the proportion of elements moving to the right NR
compared to those moving to the left NL, one can easily compute
the probability of choosing the right answer (‘‘R’’) for a given N0
using either cumulative binomial (the same element can be
counted in multiple instances) or hypergeometric distributions
(each element is counted only once). There is a simple relationship
between the slope of the approximating psychometric function r
and the size of a randomly selected subset of elements N0, which
could give a virtually identical psychometric function (provideder KA dependent of the number of motion elements.
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distribution):
N0 ¼ 1
4r02
 0:7542 ð1Þ
The relationship would make responses identical for N0 = 2j and
N0 = 2j  1 (where j is any positive natural number) which is de-
rived from the unbiased property of the counting device. One obvi-
ous advantage of normal approximation is that the estimated size
of the binomial series N0 is not conﬁned to only positive natural
numbers. On each and every single trial there could be only one
ﬁxed subset of elements N0 on the basis of which the observer’s
decisions were made. It is possible, however, that this number var-
ies from trial to trial and the summary estimate N0 is an average
across many trials. For example, fractions (e.g. N0 = 100.5) could
be interpreted as a mixture of the binomial series of different
lengths (e.g. in 50% cases N0 = 100 and in the remaining 50% cases
N0 = 101). Details of derivation are given in Appendix A.
We have two at least formally indistinguishable descriptions –
in terms of the Thurstone’s law of comparative judgement and in
terms of series of Bernoulli trials – which could be equally applied
to the description of empirical psychometric functions. Besides the
description of the pooling of elementary motion signals we are also
interested in establishing which of these descriptions gives a better
explanation of the observed data.2. Study 1
2.1. Methods
2.1.1. Participants
There were six participants, four women and two men, with
normal or corrected to normal visual acuity and no reported his-
tory of visual disorders. Their ages ranged from 19 to 27 and four
of them had no prior experience with psychophysical experiments.2.1.2. Apparatus
Stimuli were generated using a Cambridge Research Systems
ViSaGe image generator driven by a Pentium computer. Stimuli
were displayed on a Mitsubishi Diamond Pro 2070SB 2200 (active
display area 2000) monitor operating at a refresh rate 140 Hz with
a spatial resolution of 1024  769 pixels.2.1.3. Stimuli
The stimuli were presented according to the scheme presented
in Fig. 1A at a viewing distance of 170 cm on a rectangular area
extending horizontally 12.9 and vertically 9.7 with a constant
monochromatic luminance of 60 cd/m2. Each stimulus consisted
of two subsequent frames containing 12, 50, 100, 200, 400, or
800 motion elements around a central ﬁxation point. The duration
of each frame was 100 ms and the interframe interval was 30 ms.
Each moving element was a dot 30 in diameter and 120 cd/m2 in
luminance surrounded by an inhibitory area with a radius of 300,
in cases of 12 and 50 elements, and 120, in cases of 100, 200, 400,
and 800 elements, which prohibited other elements from being
closer than 270 or 80, respectively. Within each series of experi-
ments, the total number of motion elements was kept constant
but the proportion between elements moving to the right NR and
to the left NL was varied. Motion was created by the horizontal dis-
placement of each dot in the second frame 90 to the right or left
fromwhere it had appeared in the ﬁrst frame. The calculated veloc-
ity of the transition was 5/s which guaranteed it’s near optimal
visibility.2.1.4. Procedure
In each trial the observer was instructed to indicate in which
direction, to the right or to the left, the whole pattern appeared
to move by pressing one of two buttons. The proportion of right-
ward moving elements NR/(NR + NL) was determined randomly
during the experimental session and varied at 12 levels for
N = 12; 14 levels for N = 50; and 11 levels for either 100, 200, 400
or 800 elements. The condition of NR = NL was not included. Each
condition, corresponding to the total number of moving elements
N and the proportion of the rightward moving elements NR/
(NR + NL), was replicated in each series 20 times and each series
was repeated ﬁve times to gain 100 responses per stimulus
condition.
2.2. Results and discussion
Fig. 3 shows the psychometric functions of one participant, KA,
in identifying the rightward global motion direction in random dot
patterns containing N = 12, 50, 100, 200, 400, or 800 motion ele-
ments, as a function of the proportion of the rightward motion ele-
ments NR/(NR + NL). Continuous curves demonstrate cumulative
normal distributions, with the respective means (l) and standard
deviations (r) providing the best least square approximation to
these empirical psychometric functions. The goodness of ﬁt was
satisfactory since the proportion of the explained variance was at
least 93.3%. On the basis of the slopes of the psychometric func-
tions (r), it is easy to ﬁnd the length of the Bernoulli trials N0 which
produce psychometric functions of the same shape (Eq. (1)). For
example, the moving dot patterns with the smallest (N = 12) and
the largest (N = 800) number of elements were both characterized
by a psychometric function with r = 0.32. This means that accord-
ing to the Bernoulli trial model, the observer seems to have ran-
domly selected about N0 = 2.44 motion elements and on the basis
of these decided which of the two global motion directions, to
the right or to the left, to choose. In the ﬁrst case, it is about
20.3% of all available motion elements but only 0.3% of the 800 mo-
tion elements in the most numerous random dot pattern. In terms
of the Thurstonian model the standard deviation of the psychomet-
ric function r = 0.32 with only 12 elements means that the internal
representations have standard deviations equal to r0 = 12  0.32/p
2 = 2.72 elements. In the presence of even a small number of ele-
ments moving in the opposite directions the internal representa-
tion of moving elements becomes surprisingly imprecise: for
example six elements are often perceived as movements caused
by 3 or 9 elements.
The best performance (r = 0.18) was with the stimulus contain-
ing N = 100 elements, where the decision was made on the basis of
about ﬁve (N0 = 4.96) randomly selected elements. If we express
the best performance of the observer KA not in terms of propor-
tions but absolute number of elements, the internal representation
will be rather blurry with a standard deviation equal to about 12.7
elements as it is shown in Fig. 2. This means that the observer is
expected to make a few mistakes even if the proportion of moving
elements is 20–80. The global motion direction identiﬁcation was
the poorest with N = 12 elements out of which only 1.63 elements
were used on average to make decisions. In the worst case, the
number of counted elements was even less than one (N0 < 1) indi-
cating that on a certain number of trials the answer was based on
pure guessing. It is important to notice that even with such poor
efﬁciency do the psychometric functions asymptotically reach suf-
ﬁciently close to the minimum (zero) and the maximum (one) val-
ues. This is not that the coherent unidirectional motion cannot be
seen. It only takes a lot of elements moving in one direction to sur-
pass elements moving in the opposite direction.
Summary results of all six participants are presented in Table 1.
The average percentage of explained variance across all 36
Table 1
Parameters of the best approximation and the estimated number of elements on which decisions about global motion direction are based in Study 1.
Observer Number of motion elements (N)
12 50 100 200 400 800
KA la 0.52 0.51 0.53 0.53 0.53 0.56
rb 0.32 0.21 0.18 0.26 0.22 0.32
r (95%CI) 0.28–0.35 0.18–0.24 0.15–0.21 0.21–0.31 0.19–0.25 0.26–0.38
N0c 1.69 4.91 6.96 2.94 4.41 1.69
N0 (95%CI) 1.29–2.43 3.59–6.96 4.91–10.36 1.85–4.91 3.25–6.17 0.98–2.94
JND 1.92 5.25 9.00 26.00 44.00 128.00
%EVd 98.9 98.2 98.8 96.8 98.7 96.3
MT l 0.52 0.44 0.35 0.46 0.47 0.48
r 0.39 0.37 0.43 0.33 0.32 0.20
r (95%CI) 0.32–0.45 0.31–0.42 0.34–0.51 0.25–0.41 0.26–0.38 0.19–0.22
N0 0.89 1.07 0.60 1.54 1.69 5.50
N0 (95%CI) 0.48–1.69 0.66–1.85 0.21–1.41 0.73–3.25 0.98–2.94 4.41–6.17
JND 2.34 9.25 21.50 33.00 64.00 80.00
%EV 97.1 96.6 95.1 93.3 96.0 99.7
KK l 0.59 0.52 0.50 0.49 0.52 0.51
r 0.35 0.19 0.21 0.22 0.20 0.20
r (95%CI) 0.29–0.40 0.16–0.22 0.19–0.24 0.19–0.24 0.18–0.21 0.15–0.24
N0 1.29 6.17 4.91 4.41 5.50 5.50
N0 (95%CI) 0.81–2.22 4.41–9.01 3.59–6.17 3.59–6.17 4.91–6.96 3.59–10.36
JND 2.10 4.75 10.50 22.00 40.00 80.00
%EV 97.7 98.9 99.1 99.0 99.7 96.9
PT l 0.51 0.51 0.53 0.5 0.53 0.50
r 0.38 0.30 0.26 0.22 0.31 0.51
r (95%CI) 0.34–0.41 0.27–0.32 0.22–0.31 0.19–0.26 0.28–0.34 0.41–0.61
N0 0.98 2.02 2.94 4.41 1.85 0.21
N0 (95%CI) 0.73–1.41 1.69–2.68 1.85–4.41 2.94–6.17 1.41–2.43 0–0.73
JND 2.28 7.50 13.00 22.00 62.00 204.00
%EV 99.1 99.0 97.2 97.9 98.9 95.0
MA l 0.51 0.47 0.48 0.43 0.47 0.42
r 0.32 0.24 0.23 0.18 0.22 0.25
r (95%CI) 0.28–0.36 0.22–0.27 0.20–0.26 0.15–0.22 0.19–0.25 0.22–0.28
N0 1.69 3.59 3.97 6.96 4.41 3.25
N0 (95%CI) 1.17–2.43 2.68–4.41 2.94–5.5 4.41–10.36 3.25–6.17 2.43–4.41
JND 1.92 6.00 11.50 18.00 44.00 100.00
%EV 99.0 99.1 98.7 97.7 98.3 98.9
LE l 0.50 0.46 0.44 0.39 0.44 0.44
r 0.25 0.16 0.15 0.18 0.22 0.20
r (95%CI) 0.22–0.27 0.15–0.18 0.13–0.17 0.15–0.21 0.20–0.24 0.17–0.23
N0 3.25 9.01 10.36 6.96 4.41 5.50
N0 (95%CI) 2.68–4.41 6.96–10.36 7.9–14.04 4.91–10.36 3.59–5.5 3.97–7.9
JND 1.50 4.00 7.50 18.00 44.00 80.00
%EV 99.4 99.7 99.1 98.4 99.4 98.5
a l = mean of the approximated psychometric function.
b r = standard deviation (slope) of the psychometric function.
c N0 = the estimated number of elements on which the decision about global motion direction is based on.
d %EV = percentage of explained variance.
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1.5% and a minimum of 93.3%. Thus, on average, only 1.9% of the
total variance remained unexplained with the best ﬁtting psycho-
metric function. The estimated length of the Bernoulli trials N0
which could reproduce a psychometric function with a speciﬁc
standard deviation r varied from extremely low, N0 = 0.21 (denot-
ing random guessing on at least four of ﬁve trials), to moderately
high, N0 = 10.36. The average number of elements counted in decid-
ing the global motion direction across all 36 conditions was 3.82
with a standard deviation equal to 2.43. After rounding these ﬁg-
ures, it would be fair to say that according to the Bernoulli trial
model an average human observer is able to count 4 ± 2 random
moving dot elements when making decisions about global motion
direction. The statistical efﬁciency (N0/N) varied from 27.1% to
0.03%, with an average of 5.2%.
There was no clear relationship between the number of motion
elements and the effective usage of these for motion direction
identiﬁcation. Observer KK performed the best at 50 motion ele-
ments, whereas observers KA and LE performed the best at 100;
observers PT and MA at 200; and observer MT at 800 elements.Across all six observers, performance was the best at 100 motion
elements, from which only about 5 on average were used to make
decisions about the global motion direction. Nevertheless, the total
number of motion elements seemed to play a relatively minor role
in the efﬁciency of pooling elementary motion signals.
Can the shape of psychometric functions be explained by den-
sity of moving elements? Not likely so. Although the density of
moving elements was not a target of the direct experimental
manipulation, the range of its variation was more than 66 times.
For example, with N = 12 moving elements there were on average
0.096 but with N = 800 moving elements approximately 6.39 ele-
ments per each 1 by 1 square of visual angle. Nevertheless, the
slopes of psychometric functions changed only very little.
It is also possible to analyse the obtained psychometric func-
tions in terms of the Thurstone’s law of comparative judgement.
For example, we can express the internal discriminative dispersion
in terms of the Just Noticeable Difference (JND) – that is, the differ-
ence in the number of leftward and rightward moving elements
that is required by subjects to correctly discriminate motion direc-
tion in 84.1% of the cases. All calculated JND values are shown in
Table 2
Parameters of the best approximation and the estimated number of elements on
which decisions about global motion direction are based in Study 2.
Observer Number of motion elements (N)
12 200 800
KA la 0.50 0.49 0.52
rb 0.24 0.21 0.28
r (95%CI) 0.20–0.28 0.18–0.23 0.24–0.31
N0c 3.49 5.20 2.49
N0 (95%CI) 2.38–5.33 3.98–6.96 1.80–3.48
JND 1.44 21.00 112.00
%EVd 98.6 98.9 98.4
KK l 0.43 0.49 0.51
r 0.27 0.17 0.18
r (95%CI) 0.24–0.30 0.15–0.19 0.16–0.20
N0 2.68 8.25 6.86
N0 (95%CI) 1.97–3.70 6.43–10.87 5.50–8.72
JND 1.62 17.00 72.00
%EV 99.1 99.2 99.4
AR l 0.52 0.49 0.51
r 0.35 0.18 0.15
1954 A. Raidvee et al. / Vision Research 51 (2011) 1949–1957Table 1. Inspecting Table 1 it is easy to see that JND is increasing
with the total number of moving elements. For instance, the obser-
ver KA needed on average 1.92 element difference to discriminate
reliably motion directions in displays containing N = 12 elements
but she required 128 elements to discriminate amongN = 800mov-
ing elements moving in the opposite directions. Since the argument
of the psychometric functions was expressed as the proportion of
moving elements NR/(NR + NL), the estimated slope of the psycho-
metric function is directly proportional to the Weber fraction. The
fact that the observer counted approximately an equal number
4 ± 2 moving elements implies automatically that the Weber frac-
tion remains relatively constant with the increase of the number
of moving elements. It is useful to remind that it is not necessarily
so for all visual attributes. For example, for the numerosity discrim-
ination, JND is a power function, not a constant, of the number of
elements with the exponent close to 0.7 (Allik & Tuulmets, 1991).
This may seem puzzling that the observers in this experiment
were able to count on average only 4 ± 2 moving elements. One
likely explanation is that observers’ performance was so poor since
most of the local motion signals are cancelled by nearby motion in
the opposite direction. As a result, these two local movement vec-
tors pointing in opposite directions nullify each other and no mo-
tion information is available from this region (Allik, 1992a, 1992b;
Allik & Pulver, 1995). However, the cancelling of opposite motion
signals is expected to increase with the density of motion signals.
A display containing 800 motion elements should elicit much more
mutual motion cancelling than a display containing only 12 ele-
ments, since every element almost certainly has in its vicinity an-
other element moving in the opposite direction. Nevertheless,
actual data speak about the opposite tendency: decisions about
global motion direction tend to be slightly more accurate with lar-
ger numbers of motion elements. One way how to escape the can-
celling of opposite motion directions is to change the angle
between two populations of moving dots. Orthogonal movement
directions are known to be processed by independent mechanisms
(Levinson & Sekuler, 1975) and if the low processing capacity is
caused by the cancellation of opposite motion directions then
one can expect much higher counting number in discrimination
between two populations of moving dots separated by 90 angle
in their direction.r (95%CI) 0.30–0.41 0.15–0.20 0.13–0.18
N0 1.24 7.45 9.88
N0 (95%CI) 0.76–1.98 5.63–10.16 7.25–14.05
JND 2.10 18.00 60.00
%EV 98.1 99.0 99.0
a l = mean of the approximated psychometric function.
b r = standard deviation (slope) of the psychometric function.
c N0 = the estimated number of elements on which the decision about global
motion direction is based on.
d %EV = percentage of explained variance.3. Study 2
3.1. Methods
3.1.1. Participants
There were three participants with normal or corrected to nor-
mal visual acuity and no reported history of visual disorders. Two
of them participated also in the ﬁrst experiment.Fig. 4. Psychometric functions from Study 2 for orthogonally m3.1.2. Apparatus
Apparatus was identical to the ﬁrst experiment.
3.1.3. Stimuli
A schematic representation of the basic stimulus conﬁguration
is shown in Fig. 1B. The stimuli were identical to the ﬁrst experi-
ment except in addition to the horizontal shift 90 either to the left
or to the right, all elements were simultaneously shifted 90 down-
wards in the second frame. In the result of this vertical shift the an-
gle between two populations of moving elements became 90. The
total number of elements was ﬁxed at 12, 200 or 800 elements in
each of three different experimental series.
3.1.4. Procedure
Since all moving elements had a common downward moving
component, all displays appeared moving down. The observers
were instructed to indicate in which direction from the horizontal
axis, to the left or to the right, the whole pattern appeared to move.
Like in Study 1 the total number of moving elements N and theoving elements (N = 12, 200, and 800) for the observer KK.
A. Raidvee et al. / Vision Research 51 (2011) 1949–1957 1955proportion of the rightwardmoving elements NR/(NR + NL) was rep-
licated 20 times in each series to gain 100 responses per stimulus
condition.3.2. Results and discussion
Psychometric functions for discrimination between two popula-
tions of dots whose motion directions were separated by 90 are
shown in Fig. 4. It is clear that the slopes of the psychometric dis-
crimination functions are not remarkably different from those ob-
tained in the Study 1 with the opposite movement directions.
Details of the psychometric functions and the inferred number of
counted elements N0 are shown in Table 2. Again, the average num-
ber of moving elements (N0 = 5.3) that the observers were able to
take into account when they made their decision about motion
direction was modest. However, the discrimination between
orthogonally moving 12 elements was less efﬁcient than between
200 and 800 moving elements.
Considering that discrimination between two populations of
dots whose directions differed by 90 was not superior to that
when separation between directions was 180, it is possible to con-
clude that a relatively poor motion pooling performance is not
caused by the cancelling of opposite motion vectors at some early
stages of motion processing.4. General discussion
Ourmain goal, a simple experimental design in which the obser-
ver’s performance was almost directly comparable with that of the
Bernoulli sampling scheme, was obviously achieved. Unlike in
many ideal observer models, there was no need to postulate visual
noise against which the signal was compared. The only fundamen-
tal assumption required for the construction of an ideal observer is
that the sample of elements chosen from all available elements in
the motion display is randomly selected. The second principal pos-
tulate, whether each element can be counted only once or several
times, is of less practical importance, since differences between
binomial and hypergeometric distributions, corresponding to these
two situations, are too small to be discriminated on the basis of
available empirical data.
It may come as a surprise that the decision about global motion
direction may be based on counting very few elements. Typically, it
was as if only about 2–6 elements that observers made their
choices between the two opposite motion directions upon. This
low efﬁciency is not a trivial consequence of making motion direc-
tion discrimination artiﬁcially difﬁcult. On the contrary, the stimu-
lus conditions were deliberately chosen to make each elementary
motion signal separable from others and identiﬁcation of its mo-
tion direction absolutely certain when they were presented alone
or together with other elements moving in the same direction.
These results are clearly smaller than the statistical efﬁciencies
for motion pooling set out in several previous studies (Barlow &
Tripathy, 1997; Dakin et al., 2005; Watamaniuk, 1993). We are
not aware of the reason for this discrepancy. Although there were
obvious individual differences, the general pattern suggests that
we cannot talk about a constant or even a relatively stable statisti-
cal efﬁciency. As the number or density of elements increases, the
effective number of counted motion elements remains basically
unchanged. It seems reasonable to say that observer is able to no-
tice only a limited number of elements, irrespective of their total
number or density. Provided that the Bernoulli trial model is cor-
rect, the motion pooling system seems to be characterized by a ma-
gic number of four, plus or minus two. It may not be a coincidence
that the accuracy of numerosity judgments of regularly and den-sely spaced visual targets is also limited to just four elements
(Atkinson, Campbell, & Francis, 1976).
Translated into Thurstone’s random ‘‘images’’ it means that the
width of the internal representation increases proportionally with
the number of motion elements. The internal discriminal deviation
was about three elements when a display contained 12 moving
elements but increased to about 180 elements when the total
number of elements was 800. Perhaps realistic for continuous
attributes such as weight or luminance, the rapidly increasing dis-
criminal deviation may sound weird for an attribute expressed in
terms of positive natural numbers. Although such large noise is
perhaps not entirely unrealistic, it is also conceivable that the Ber-
noulli trial model gives a simple and elegant alternative
explanation.
The surprisingly low statistical efﬁciency of pooling elementary
motion signals is certainly not simply the consequence of the
experimental design used. For example, Tokita and Ishiguchi
(2009) used an essentially identical proportion discrimination task,
precisely to study whether human observers can identify the rela-
tive number of red and green dots as well as the relative number of
parallel and converging lines. Analyzing the psychometric func-
tions published in their study, it is possible to conclude that, for
the discrimination of the relative number of red and green dots,
eleven undergraduate students were, on average, able to take into
account 69 elements from a total of 100. However, the ability to
discriminate between the relative number of parallel and converg-
ing lines was much poorer and decisions were made on the basis of
no more than two elements. Thus, with principally the same exper-
imental design, the statistical efﬁciency of the human observer can,
on the one hand, be close to 70% of that of the ideal counting device
or, on the other hand, close to 1% or even less, depending on the
perceptual task.
This low percentage is perhaps not surprising for visual attri-
butes that cannot spontaneously jump into one’s perception and
require scrutinized attention to be noticed. Nevertheless, motion
perception is often regarded as vital for survival and therefore is
most likely served by reliable automatic processes that cannot eas-
ily be altered by voluntary intervention. However, some previous
results indicate that pooling of elementary motion signals into glo-
bal motion perception is under the control of attention (Burr,
Baldassi, Morrone, & Verghese, 2009). As it also turns out, we are
not very sophisticated in our ability to segregate items based on
the nature of their motion (Horowitz, Wolfe, DiMase, & Klieger,
2007). Continuing along these lines of observations, the current
study may indicate—counter to commonly held belief—that a mo-
tion pooling mechanism with such a limited capacity may not be
entirely compatible with processes regarded parallel, effortless,
or automatic. We are aware that this conclusion may seem coun-
terintuitive and many readers are inclined towards more conven-
tional discrimination models based on random internal ‘‘images’’
some of which can be regarded as sensory noise. However, it is also
possible to see some of the inferences drawn from application of
the Thurstonian models as contradicting our intuition. For exam-
ple, when the number of moving elements is small (N = 12) the size
of internal random ‘‘images’’ inferred from the slope of psychomet-
ric functions becomes unrealistically large (both having a standard
deviation equal to approximately 2.7 elements, given that r = 0.32
as in case of observer KA, see Fig. 3). It does not ﬁt well with other
observations that, for example three moving elements can create a
subjective impression which is often equal to the impression cre-
ated by twice as many elements.
Inevitably, these capacity limitations must have manifestations
in other perceptual tasks which also require a combination of ele-
mentary motion signals for global perception. One obvious candi-
date for this type of task is motion transparency – seeing
multiple motion components within the same region in the visual
1956 A. Raidvee et al. / Vision Research 51 (2011) 1949–1957ﬁeld. When two coherently moving sparse random dot kinemato-
grams are superimposed, the observer is able to see global motion
in two different directions. Not only is the maximum number of
directions that can be perceived simultaneously severely con-
strained (Greenwood & Edwards, 2009), it is also a relatively inef-
ﬁcient process (Braddick, Wishart, & Curran, 2002; Edwards &
Greenwood, 2005; Suzuki & Watanabe, 2009). In order to see two
global motion directions simultaneously, observers require that
about 42% of all dots move coherently in each of these two direc-
tions, instead of only about 5% required for seeing one of these
components alone (Edwards & Greenwood, 2005). Although it
could only be proven by carrying out additional studies, it seems
logical that the constraints of motion transparency are conse-
quences of capacity limitations in the motion pooling system itself.
One possible framework for additional studies could also be pro-
vided by the Bernoulli trial model which can also be extended
for the polytomous case (i.e. the case where the global motion pat-
tern contains many directions of motion).
It is important to keep in mind, however, that comparison with
an ideal counting device does not prove that the human observer
behaves like a mathematically constructed mechanism. If the con-
clusion that the human observer is able to pay attention to only
4 ± 2 display elements seems psychologically unrealistic, then it
is possible to elaborate other mechanisms that are still formally
equivalent to a counting device with a strongly limited capacity.
For example, it is possible to entertain the idea that all display ele-
ments are registered but, due to a crowding of motion elements or
some other reason, one motion direction is often confused with the
opposite motion direction. Although we almost certainly excluded
cancelling opposite motion directions in an early stage of motion
processing as a possible cause of this confusion, there may still
be some other mechanisms that are responsible for capacity
limitations.
Presented analysis also provides an interesting methodological
lesson. It may be unexpected that the Thurstonian discrimination
model can be replaced with an equally accurate deterministic
model containing no diffuse ‘‘images’’ created by internal noise.
Assuming that the motion direction discrimination is based on
the limited number of selected motion elements, we were com-
pelled to postulate that their internal images are precise and their
relative number can be determined accurately. Thus, random may
be not only ‘‘images’’ on an internal representation but the way
how a subsample of elements is selected from the total number
of elements and how many elements are selected out on every sin-
gle trial. Since at least formally the Thurstonian and Bernoulli trial
models describe empirical psychometric functions equally well, it
is important to notice that we do not necessarily need to suppose
the Thurstonian discriminative process which is usually regarded
as the ‘‘essence of simplicity’’ (Luce, 1977). One advantage of the
Bernoulli trial model over the Thurstone-type of models pertains
to the estimation of real observer’s efﬁciency. An ideal observer
formulated in terms of the Thurstone’s discriminative process is
supposed to have a noiseless internal representation with zero var-
iance. Without some arbitrary assumptions it would be impossible
to compute the ratio between dispersions of real and ideal obser-
ver since the latter has zero variance. Compared to the Thurstone’s
models, in the framework of Bernoulli trial model, it is almost inev-
itable to deﬁne the ratio between the sample size N0 and the total
number of elements N as a measure of efﬁciency relative to an ideal
performance.
We also have not enough information to decide which of these
two formal representations – the Thurstonian and Bernoulli ones –
is physiologically more plausible. Existing neurophysiologic evi-
dence is unfortunately not precise enough to make an educated
choice between these two alternatives as data is limited to approx-
imations by the standard model only. Perhaps neurophysiologistsfeel more comfortable working with noisy internal ‘‘images’’ since
neurons in the visual system typically have a spontaneous activity
added to the externally evoked one. Whereas signal detection the-
ory based models, bearing its roots in the Thurstonian paradigm
(Lee, 1969) have been ﬁtted to predict macaque’s choice behavior
related to the directional signals of a single cell in a wide range
of stimulus conﬁgurations (Britten, Newsome, Shadlen, Celebrini,
& Movshon, 1996; Celebrini & Newsome, 1994), it is also important
to remember that a Thurstonian-type modeling – stochastic
images representing stimuli – cannot explain, in principle, proper-
ties of some well-behaved discrimination functions that are typi-
cally observed and expected in behavioral experiments
(Dzhafarov, 2003a, 2003b). Fortunately, the proposed design for
the discrimination of proportions is so simple that it can be used
to study not only human observers but other species as well per-
haps starting from beetles and ending with monkeys. This is a par-
ticularly exciting prospect since beside behavioral experiments it
would be possible to penetrate visual system at different stages
of processing and record responses of single neurons.
One obvious beneﬁt of the ideal observer analysis is that it spec-
iﬁes an agenda for further studies. Although the search for speciﬁc
mechanisms explaining sources of statistical inefﬁciency would
not be able to make perception function more effective, it can nev-
ertheless suggest new testable hypotheses about how elementary
motion signals are pooled together into global motion perception.
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Appendix A. Derivation of Eq. (1)
Whereas a fully analytic derivation of Eq. (1) is rather complex,
one can ﬁnd an arbitrarily exact approximation for the relationship
between the length of the Bernoulli series and the standard devia-
tion of the respective normal distribution.
To ﬁx some preliminary estimates for the approximation, we
veriﬁed that the ideal observer model would yield identical psy-
chometric curves for N0 = 2j  1 and N0 = 2j, where N0 is the length
of the binomial series reﬂecting the number of elements taken into
account in the decision process, and j is any positive natural num-
ber. The probabilities of a correct choice for odd (Po) and even (Pe)
numbers of N0 are expressed via the cumulative binomial series as
follows:
Po ¼
XN0
k¼1þ N02½ 
N0
k
 
pkð1 pÞN0k; N0 ¼ 2j 1 ðA:1:1Þ
Pe ¼
XN0
k¼1þ N02½ 
N0
k
 
pkð1 pÞN0k þ 0:5 N
0
N0
2
 !
pN
0=2ð1 pÞN0=2; N0 ¼ 2j
ðA:1:2Þ
where p is the proportion of elements moving to the right vs to the
left, NR/(NR + NL).
As for any given N0 the psychometric function is determined by
the slope at the point where p = 0.5, it sufﬁces to control whether
the derivatives of Po and Pe with respect to p are equal at the point
where p = 0.5. It is not difﬁcult to show, by using, for example,
Wolfram Mathematica, that this is the case.
A. Raidvee et al. / Vision Research 51 (2011) 1949–1957 1957Further, using the set of possible odd values for N0, it can be
shown that the squared derivative of Po or Pe is in perfect linear
relationship with N0. As the slope of the psychometric function is
the inverse of the standard deviation of the Gaussian ﬁt of the
respective function, it is clear that the sought for relationship is
of the form N0  1/r2. The exact form of the relationship was pro-
duced by generating theoretical psychometric functions from 2000
values of N0 and approximating them by cumulative normal distri-
bution. From the standard deviations of the Gaussian approxima-
tions, Eq. (1) was conﬁrmed with as a model of perfect linear ﬁt.
Appendix B. Supplementary material
Supplementary data associated with this article can be found, in
the online version, at doi:10.1016/j.visres.2011.07.004.
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